In this paper a Structural Equation Model drawing on current theories of salience is empirically tested using a large scale in-situ experiment (no = 366 objects and np = 119 participants). Using estimation methods based on partial least squares strong empirical evidence is found for the ability of the model to predict salience. 72% of the variance present in overall salience can be explained. Formative measurement of visual salience is revealed to be an appropriate way to measure visual salience, as the convergent validity analysis yields a highly significant path coefficient of 0.810. Route related features and visual aspects turn out to be most and equally important to predict overall salience, whereas rather person-related dimensions turn out to be less important. Overall, the model presented provides a reasonable and empirically sound way of measuring salience of objects in a survey-based manner.
INTRODUCTION
Referring to salient objects is known to be the preferred method in human route communication (cf. e.g. [49, 30, 9] ). Theoretical frameworks of salience have been proposed (cf. e.g. [37] ) and small scale in-situ studies have been performed (cf. e.g. [21] ). However, a large scale empirical in-situ study on salience is yet to be published (cf. e.g. [39, 12] ). To date, there is no published literature showing how salience can be measured in an empirically sound way based on surveys answered in-situ.
the appropriateness of formative measurement to
visual salience. 2. the ability of the SEM to explain a large proportion of the variance in overall salience. 3. the degree of importance the different dimensions of salience have.
In order to reach these goals, a thorough review of literature on both, salience models and empirical investigations in salience is necessary (cf. section 2). As is the case for any SEM (cf. e.g. [18, pp. 11-14] ), the model derived from this review consists of two parts: The structural model (cf. section 3) will depict the relationships among the latent variables (LVs) of current salience theory. The measurement models of endogenous (i.e. dependent) and exogenous (i.e. independent) LVs will propose a way these can be measured. Special attention is given to visual salience, which is modeled formatively and reflectively, resulting in a so-called MIMICModel (Multiple Indicators, Multiple Causes, cf. e.g. [10] ) for visual salience (cf. section 3). The description of the experimental setup follows, with a particular focus on sampling, both in terms of size and method (cf. section 4). Starting with a short description of participants and routes, evidence for the model fit will be given in the results section (cf. section 5).
RESEARCH ON SALIENCE MODELS -STATE OF THE ART
Although older studies on the features contributing to the salience of buildings have been reported on, the concept was only formalized around the turn of the century 1 . The nu- Rewalk of low-stimulus virtual routes using geometrical shapes as stimuli (salient objects)
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Time consuming with respect to acquisition and analysis [26, 21, 20, 30] cleus of the work done is centered around five publications between 1999-2005. Sorrows and Hirtle [48, pp. 45-46] sowed the seed by identifying features of landmarks in "Real and Electronic Spaces" [48, p. 37] . They distinguish between four dimensions contributing to salience: visual, structural and cognitive aspects as well as prototypicality. Based on this work, Raubal and Winter [37] further emphasize the importance of structural salience resulting from a given route. They present a taxonomy of spatial relations between landmarks and a given route, paying special attention to decision points. The model outlined in [37] , [50] and [28] was substantially refined through the work presented by Caduff and Timpf [4] who focus on the interaction between observer, observed, and surroundings stressing the importance of context and attribution [4, p. 264] . Additionally, they substitute semantic with cognitive, highlighting the fact that this part of the salience-vector depends on the observer's personal experience. Overall, theories on salience are based on common ground as they stress the importance of local context for salience. That is, objects are the more salient the more unique one of their features is given the local environment.
Prior empirical studies about salient objects may be roughly grouped into two categories: lab-based and in-situ studies (cf . table 1) . Lab-based experiments have taken the form of virtual reality or computer-based study designs or rely on cognitive mapping. Contrastingly, in-situ experiments mimic everyday real-world navigation scenarios as close as possible. This counterbalances the difference between retrieval of salient objects and the actual navigation situation known from cognitive mapping research (cf. e.g. [27] ). Often, empirical studies conducted to acquire salient objects in-situ refer to the Raubal/Winter/Klippel model (cf. e.g. [21, 44] ). However, these studies suffer from major shortcomings with respect to non-buildings, size of datasets, theoretical grounding and number of participants:
non-buildings Although there have been theoretical claims for the fact that objects other than buildings may become salient and are in fact used in route directions (cf. [43] ), many up-to-date studies and theories do not include non-buildings. Notable exceptions are [21] and [44] , which allow for non-buildings in their empirical in-situ settings.
size of datasets Many of the studies rely on very small datasets (cf. e.g. [32] where a single route was chosen and nine objects located at intersections were used to test the salience model presented in [37] ).
theoretical grounding Although studies refer to the model provided in [37] , they are not dedicated to theorytesting in a narrower sense (c.f. e.g. [44] where none of the dimensions known from the literature were used for data acquisition purposes).
number of participants Many studies are based on a very small set of participants, lacking generalizability (cf. e.g. [21] where n = 20 participants are reported).
The methodological setup in this study addresses these issues. A structural model proposing connections between the different constructs based on the theories is built. The indicators used in the measurement models are derived from a thorough literature review. An in-situ experiment was set up because it enables the consideration of the local environment which is suggested to be important by all current salience models the SEM is based on. The set of objects used in this study is randomly chosen and its sample size was apriori determined. Finally, a large set of participants was used in order to ensure that weights are generalizable in terms of both, objects and participants.
THE STRUCTURAL EQUATION MODEL PROPOSED
Based on the reviewed literature, the proposed structural model comprises six constructs. Overall salience is the only endogenous construct, i.e. visual salience, prototypicality, visibility in advance, structural salience and cognitive salience are exogenous formative constructs contributing to overall salience. Table 7 provides a description of all constructs accompanied by all measured variables (MVs) used. All questions were measured on a fully anchored 5-point Likert scale taken from [41] . In order to increase both reliability and validity of measurement participants were not asked to provide the degree to which they agree with a statement but to answer explicit questions (cf. e.g. [23] ). The number of items per reflectively measured LV was highly influenced by the need for identification. That is, models must provide enough information to calculate all non-fixed parameters (cf. [1] ). Combined with the well known rules-of-thumb regarding the number of indicators (cf. e.g. [25, p. 179] ), all items were phrased according to state-of-the-art rules (cf. e.g. [16] ). This resulted in three indicators for overall salience and prototypicality, four indicators for structural salience and visibility in advance and six indicators for cognitive salience. Particular emphasis was placed on visual salience estimation, because visual attributes may be used to guide users, irrespective of their prior knowledge of the current neighborhood (given that they do not suffer from any kind of blindness). Table 2 provides an overview of the dimensions revealed to be important in earlier studies.
In using SEM the measurement model employed must be [29] carefully chosen in order to avoid misspecification (cf. e.g. [2] ). This is, a decision must be made whether formative or reflective measurement is to be applied. Reflective measurement theory assumes that each MV associated with a LV measures it equally well. The value of the MVs is supposed to be caused by their corresponding construct. As a consequence a high level of correlation among the indicators of a LV is to be expected. Contrastingly, MVs are causes in formative measurement theory. This means, the value of a construct is composed by its measured variables. These are not necessarily correlated, accordingly. The dimensions revealed by prior studies strongly suggest to model visual salience as a formative construct. Firstly, the features given in table 2 are clearly not mutually interchangeable (cf. [22] ). Secondly, visual salience is a combination of these dimensions, i.e. color, size etc. cause visual salience as a construct (cf. e.g. [11] ). Thirdly, a thought experiment may further strengthen the notion of formative measurement. If one imagines a change of the construct's value it is not necessarily true that this change will cause a similar change in all of the visual dimensions (cf. [6] ). Given these reasons visual salience is modeled as formative construct, yielding two consequences: The construct domain must be covered as completely as possible. Therefore all dimensions presented in table 2 will be used in the model -except architecture and company, because these are applicable to buildings only. In order to assess whether formative measurement is appropriate for visual salience four reflective indicators were added (cf. section 5.2). For the sake of minimizing misunderstandings and finding a way of rating users' would feel comfortable with a pre-study (n = 90 participants and n = 11 objects) was performed to better understand how participants deal with questions about visual salience (cf. [24] ).
METHOD
This section is divided into three parts. It starts with a comparison of variance-(PLS-) and Covariance-based SEM, justifying the use of PLS-SEM and introducing its major concepts. Section 4.2 is dedicated to sampling of objects. Finally, the procedure of the experiment will be presented (cf. section 4.3).
PLS-SEM vs. CB-SEM -a decision
Structural equation models can be analyzed using a covariance (CB-SEM) or a variance based approach (PLS-SEM). CB-SEM focuses on explanation, i.e. it examines the ability of the model to reproduce the empirical covariance matrix. Contrastingly, PLS-SEM can be used for prediction purposes. The multiple regression approach PLS-SEM employs is particularly capable to gain an insight into the relative importance of constructs (cf. [18, p. 78] ). Consequently, PLS-SEM is most suitable to answer this study's research goals and was used as a mode of analysis. However, two issues evolve when utilizing PLS-SEM. In CB-SEM several χ 2 -based goodness-of-fit criteria may be used to assess its global ability to reproduce the covariance matrix. PLS-SEM lacks a similar global goodness-of-fit criterion due to its predictive nature. It relies heavily on bootstrapping (cf. [13] ) procedures, consequently(cf. section 5.2). Furthermore, the so-called PLS-SEM bias may be a problem. In PLS-SEM LVs scores are used and these are based on their associated MVs, propagating inherent measurement error onto the LVs. As a consequence, underestimated path coefficients in the structural model (cf. [18, p. 79]) as well as overestimated weights and loadings in the measurement model are commonly occurring. However, recent studies provide evidence that the bias is negligible for most research contexts, particularly if suitable sample sizes are determined apriori (cf. e.g. [38] ).
Objects, routes, and sample size
A diverse range of objects is needed for two reasons. First of all, the applicability of the salience model presented must be shown based on a range of objects which vary as much as possible. Furthermore, for statistical reasons, variance resulting from the difference in objects is desirable, i.e. the sample needs to include high and low salience objects. Empirical evidence suggests (cf. e.g. [21] ) that if participants are free to choose any object they want, selected objects often do not show enough temporal persistence to be used as salient objects in route instructions. Consequently, large effort was taken to gain a random sample of objects to test the SEM empirically. First of all, the minimum sample size was determined according to the so-called "ten-times"-rule (cf. [18] ). Accordingly, nmin = 150 objects are needed at least to conduct a PLS-SEM analysis. This number equals 10 times the number of features revealed to be important for visual salience in earlier studies (i.e. all formatively measured features, cf. table 7). In order to find a more profoundly grounded sample size the number of cases required to conduct CB-SEM was calculated (cf. [47] ) because the model proposed can be estimated using both techniques, basically. Based on β = .8, medium effect size, α = 0.01, 6 LVs and 41 MVs a sample size of n = 360 was estimated. Hence, for the purpose of flexibility in data analysis a decision was made to include 360 objects, i.e. to meet the more demanding sample size requirements of CB-SEM. Randomly selecting objects was based on geographical coordinates: Initially, an overall number of 480 coordinates was randomly generated for the Old Town of a small (approx. 140, 000 residents) city in southern Germany. Each of these locations was visited in person. If the coordinates were located inside a building, it became part of the sample. For locations outside buildings two cases were distinguished. Non-accessible locations (e.g. areas not open to the public) were neglected. Given the accessibility of a location a cardinal direction was chosen randomly and the nearest object located in the selected direction became part of the sample (given a minimum of temporal persistence, e.g. cars parking next to the street were neglected whereas large building sites, which would exist for several months, would become part of the sample). This method ensured the inclusion of salient (e.g. the Cathedral) and non-salient (e.g. rubbish bins) objects as well as buildings and non-buildings alike, which addresses one of the limitations mentioned above (cf. section 2). In order to assert the assumption of independence of ratings of objects four steps were taken: Firstly, tuples of objects which ought to be rated on a particular route were built randomly. Secondly, a minimum distance between two objects was required. There is a need, however, to balance this against the fact that small pre-tests showed that participants get annoyed if distances between objects become too long. Thirdly, when asked to rate more than 9 objects within one trial, participants become increasingly fatigued. Fourthly, pre-tests indicated that a trial duration of approx. 60 minutes would be an acceptable time period for participants. Taking all of these arguments into account random tuples of objects were built, resulting in 330 of 366 objects distributed to nr = 55 routes, i.e. tuples of six were built. For each of these the routes to be walked were built manually and the actual direction the route was to be walked was randomly chosen. Having built these routes, the remaining objects were assigned manually to routes. If more than one route was feasible, the actual route was chosen randomly. As a result, the median number of objects per route was x = 7. The number of participants needed was determined taking reflective measurement theory into account as large parts of the measurement model presented in the SEM are specified to be reflective. Consequently, a minimum number of two ratings per object is advisable. This will counterbalance random and systematic error in reflective measurement (cf. e.g. [33] for more information on classical psychometric test theory). Given this requirement and the fact that 55 routes were randomly built n = 110 participants are needed, at least.
Procedure
A pool of participants was established via a) verbal announcements in university lectures across faculties, none of which were held by the author, or b) personal contact. Participants were filtered to minimize potential sources of experimental bias. Participants were excluded if they had 1) taken part in a prior experiment on pedestrian navigation (a research focus at our institution) or 2) experience any form of color-blindness. All people participating were offered the chance to win a Samsung Galaxy Tab 4 10.1 WiFi. Additionally, if the participants were students and their degree course allowed it, participation counted towards course credit. The experiments were conducted between November 2014 and February 2015. Data collection took place using a Android Application running on a Google Nexus 7 (2013). All participants were guided by the author on a single route which was randomly assigned. Before starting the actual walk participants were asked to provide personal and sense of direction data. Sense of direction was assessed using the so-called FRS [31] , a German language sense of direction scale comprising 19-items to be rated on a non-fullyanchored 7-point Likert scale. While walking along the route, a picture of the object to be rated next was presented to participants on the tablet screen. They were to try to identify the object which was red-rimmed on the photo shown in the real world. Upon identification participants were required to stop where they felt like they were able to answer a survey concerning this particular object and its surroundings. Throughout the whole experiment all questions were asked in German.
RESULTS

Descriptive data
Overall, 119 persons participated. Seven out of the trials had to be excluded from the analysis due to technical issues. Consequently, trials of 112 participants (n f em = 69 females) were used for the analysis. Each trial took 60 minutes on average. Each of the 55 routes (x length = 1.5 km) was walked by two participants, i.e. each object was rated twice (one rating per object per participant). On occasion, two routes were walked three times with all the trials usable. The age of participants ranged between agemin = 18 and agemax = 63 years, 20 persons were non-students and only four participants were non-native speakers, although these had a native-like proficiency of German language. The vast majority of participants were currently living in the city (ncity = 91), but grew up elsewhere. Participants proved to be a homogeneous group in terms of SoD (x = 4.10 and x = 4.16, SD = 1.00).
Model Evaluation
The model was evaluated according to the steps given in [18] , i.e. the reflective measurement model part is assessed first, followed by the formative part (cf. section 5.2.2) and the structural model (cf. section 5.2.3). As path coefficients and outer weights and loadings play an important role in evaluating PLS-based SEM, a short definition of these concepts is appropriate:
Path Coefficients describe the strength of the relationships between the LVs in the structural model (cf. [18, p. 93] ). They are standardized regression coefficients for the regression of exogenous constructs on endogenous constructs.
Outer Weights are calculated using a multiple regression approach where the score of LV is used as a responding variable and all of its causes as explanatory variables (cf. [18] Four criteria are employed to assess reflective measurement models throughout this work. Indicator Reliability (IRel) is given as the squared standardized Outer Loading (OL), i.e. it represents the amount of variance the construct explains. The thresholds applied are OL > 0.70 (8) and IRel > 0.5 because it is desirable that at least 50% of variance present in indicators is explained by the LV they are associated with (cf. [18, pp. 102-103]). On the construct level, convergent validity is evaluated based on the Average Variance Extracted (AVE), i.e. the mean of all squared outer loadings of all MVs of a given LV. AV E > 0.5 was applied as a threshold, as this means that a construct is able to explain half of the variance occurring in its indicators on average (cf. [18, p. 103] ). Finally, discriminant validity (DVal) was examined based on cross loadings (i.e. an indicator's OL for its construct must be higher than the OL with any of the other constructs) and the Fornell-Larcker criterion (i.e. the √ AV E must be greater than any of the correlations of the construct with any of the other constructs, cf.
Assess the reflective measurement model
[18, p. 105]). Table 3 shows excellent indicator reliability (IRel) for overall salience, structural salience and visibility in advance. However, cognitive salience and prototypicality need further attention. Particularly, the indicators p sim and c cus are removed due to very weak and non-significant outer loadings (less than 0.4, cf. [18] ) and all further analyses were based on the adapted model. Indicators c eas, c per, c pus need further assessment due to weak outer loadings (i.e. 0.4 < OL ≤ 0.7). According to Hair et al. [18, p. 103] it is reasonable to try to keep these indicators depending on the influence their removal has on AVE. All of these indicators were retained, as no improvement of AVE above its threshold could be achieved.
Assess the formative measurement model
Assessing the formative measurement model comprises two steps. First of all, the appropriateness of the formative model part must be examined. This is done by means of a convergent validity analysis. Given the suitability of formatively measuring visual salience, the outer weights of this model part can be further analyzed.
Reflective indicators assessment.
The convergent validity of the formative measurement model was checked by means of the new submodel shown in figure 1.It comprises a formatively measured construct VISF and its reflective counterpart VISR. Both LVs are linked by a single path used as a basis to assess this MIMIC-model (cf. e.g. [11] ). As those indicators reflectively measuring visual salience do not belong to the overall model, assessing these indicators is a necessary first step. Table 4 presents the results. All reflective measures of visual salience meet all evaluation criteria. This means, there is strong support for these measures providing a valid and reliable basis to assess the formative measurement model's convergent validity. Running the PLS algorithm yields a path coefficient of 0.810 between VISF and VIRS. Bootstrapping using K = 5000 resamples reveals the value of the coefficient to be highly significant (t = 47.113, p < 0.001, Std. Err. = 0.017). That is, formatively measuring visual salience is appropriate.
Formative causes assessment.
Drawing on this result the causes are further assessed based on the overall model. Multicollinearity of causes was evaluated using the Variance Inflation Factor (VIF). It is given as the reciprocal of the tolerance, which in turn represents the proportion of variance present in a single cause associated with a particular construct which the other causes do not account for. Hence, the square root of the VIF shows the degree the standard error of the regression coefficients was increased by multicollinearity issues (cf. [18, pp. 124-125] ).
All VIF values were well beyond 5, indicating no multicollinearity issues according to [18] . Indeed, the more conservative threshold of V IF ≤ 3.33 given by [10] was met, with the exception of V IF (v cin) = 3.60 and V IF (v col) = 3.46. These slightly higher levels of multicollinearity between color intensity and tone are to be expected given how related these aspects are. Given these results, bootstrapping (K = 5000 resamples) is used to determine both the significance and the relevance of the outer weights of causes. Table 5 provides evidence for 7 outer weights being highly significant (age, color intensity, condition, location, shape, signage, size). Following the advice of Hair et al. [18, p. 158 ], significance was cross-validated by rerunning the bootstrapping procedure using two different options regarding the calculation of outer weights. Neither of the two reruns yielded any changes in terms of significance. This is, area, tone, height, length, material, motion, pattern, width remain non-significant and need further attention.
Despite its non-significant outer weight, tone must be retained. Asked to provide a name for the object participants were currently rating, a proportion of 25% of all answers referred to tone. Even though their outer weights were not significant, too, pattern and material are retained because of their significant outer loading, i.e. taken individually, both contribute significantly to visual salience. Further studies are needed to reveal whether they are indeed relatively and absolutely important. Motion has a very low outer weight, meaning that its explanatory power is very weak given the other causes. Although significant, its outer loading shows that it is a rather unimportant aspect of visual salience. It is discarded, accordingly. Finally, width, length, height, and area will be dropped due to their non-significant outer weights, although those show significant outer loadings. The reasons are twofold: Firstly, these dimensions are significantly correlated with size (0.549 ≤ ρ ≤ 0.615 and p < 0.001 for all of these) and do not show any higher correlations with any of the other causes. Secondly, the outer loading and weight of size are highly significant and the largest of all causes. Finally, as condition shows a significant negative outer weight, it must be interpreted as a suppression effect [5, p. 696-697] . It decreases an object's salience, given that all the other causes having significant positive outer weights remain equal. 
Structural Model assessment
As both the reflective and the formative part of the measurement model of the exogenous LVs, as well as the reflective measurement model of the endogenous LV show a very strong goodness of fit, the structural model can be explored. Its assessment comprises five different aspects, namely multicollinearity, value and significance of path coefficients, R 2 , predictive accuracy and predictive relevance (cf. [18, p. 169] . Again, multicollinearity is assessed based on the VIF. This time the exogenous LVs are assessed. Their VIFs range between 1.145 and 2.289. Thus, multicollinearity is not a threat to the validity of the structural model assessment (cf. e.g. [10] ). Testing the significance of path coefficients reveals four of the five structural relationships to be highly significant (cf. table 6). That is, cognitive salience, structural salience, visual salience and visibility in advance contribute substantially to the explanation of variance in overall salience. However, the relationship between prototypicality and overall salience turns out to be rather weak, indicating that prototypicality does not help to explain the variance present in overall salience. The most important relationships were found to be structural salience and visual salience, followed by visibility in advance and cognitive salience.
The coefficient of determination in the proposed structural model equals R 2 = 0.721. Its calculation is based on the squared correlations between the value of the endogenous Table 6 : Each row shows the path coefficient between the current LV and overall salience. *** indicates p < 0.001 (K = 5000 resamples). Columns f 2 and q 2 represent the effect sizes resulting from a deletion of the current row's exogenous construct. LV overall salience as predicted by each exogenous variable and the actual value of the endogenous variable. Consequently, the exogenous constructs show a substantial predictive accuracy for the endogenous construct overall salience. Whether each of the exogenous constructs shows predictive accuracy on overall salience can be evaluated using f 2 . It is calculated based on the difference in R 2 resulting when one exogenous LV is neglected as compared with all exogenous LVs included. Based on the well-known judgments provided by Cohen [7] , the f 2 values of visual salience and structural salience suggest a medium effect. The effect sizes of cognitive salience and visibility in advance are rather small. The nonsignificant effect of prototypicality is considered to be very small. Finally, predictive relevance Q 2 of the model must be examined. A model is said to have high predictive relevance if it is capable to predict measured variables' values of a reflective endogenous construct accurately. Blindfolding is used to determine predictive accuracy, i.e. a certain proportion of data points is neglected and the model is estimated based on the remaining values. The model parameters established are used to predict the data points which were neglected before. Q 2 is based on the difference between the prediction and the actual values. Blindfolding is repeated until each of the values of the indicators of the endogenous construct was omitted once (cf. [18, p. 178] ). Q 2 = 0.620 provides empirical evidence for the predictive relevance of all exogenous constructs in the reflectively MVs of overall salience. By analogy with predictive accuracy the degree of predictive relevance each of the exogenous constructs has can be estimated using the effect size q 2 . All exogenous constructs have a small (cf. [18, p. 186] ) effect on overall salience in terms of predictive relevance.
Discussion
These results shed light on the degree to which the goals of the study were reached. Formative measurement of visual salience is appropriate, given the highly significant path coefficient of 0.810 revealed by the convergent validity analysis. The mixed measurement SEM presented was able to explain 72% of the variance in reflectively measured overall salience, which is a very reasonable amount. However, the generally small predictive relevance the exogenous constructs have on salience needs attention in further studies. It may be a strong indication for the need to further refine salience models in general or the indicators proposed for overall salience in particular. Clearly, the reflective measurement models suggested in this SEM show high reliability and validity for all constructs, except prototypicality. The fact that it did not yield a significant effect in overall salience provides empirical evidence for the difficulties of reliably measuring prototypicality, which have been previously highlighted in the literature (cf. e.g. [37] ). Insufficient sample size is not an explanation as sample size was calculated apriori. Instead, the measurement model of prototypicality may provide a reason. p sim showed a very weak and negative outer loading combined with a very low indicator reliability. This is a strong hint that participants understood the question "How often do you encounter similar objects?" in different ways. The two indicators remaining in the model show highly significant outer loadings. However, these may not be enough to represent the construct as a whole because two indicators are regarded to be the absolute minimum of indicators needed in reflective measurement (cf. [25, pp. 178-179] ). The minor importance revealed for cognitive salience (cf. table 6) is rather surprising, particularly given the Old Town environment the experiments were conducted in. Ranging from the ease of naming the object to its historicity the measurement model of cognitive salience takes many different dimensions into account. Although one indicator showed a non-significant outer loadings the remaining indicators suggest a reasonable measurement model. Obviously, these aspects are of minor importance even in these environments. Furthermore, the findings of the current study provide evidence for the relative importance of visibility in advance claimed and for the first time tested in [50] . As cross loadings of the visibility in advance indicators on structural salience are low, evidence to support that these are two distinct notions of salience is given -despite the fact that visibility in advance is route dependent, as well. Overall, the results of this study stress the importance of visual and route dependent aspects: Structural salience was revealed to be just as important as visual salience, reinforcing the theoretical claims of Klippel et al. ([28] ). The results are in line with those of Röser et. al.
( [42] ), who found empirical evidence for the importance of structural salience in virtual environments. Relative importance of causes in the visual salience part provides further insights regarding prior empirical studies: The importance of size revealed in my results is in line with the frequency it is named in other studies (cf. table 2). Size (including all highly correlated dimensions) as the most important cause may be derived automatically from e.g. land-surveying data (cf. e.g. [14] for an overview of automatic landmark detection). Therefore, further studies should investigate whether automatically derived salience values for size are similar to those assessed automatically. Compared to intensity, tone is far less important in a relative as well as an absolute manner (cf. table 5 for the outer weights and loadings). Tone is even rendered non-significant. It seems unlikely that participants were not able to distinguish tone and intensity because the need to distinguish both was revealed in a pre-study (cf. [24] ). This is an important finding, which calls into question conclusions made based on previous studies (cf. table 2), which reveal color to be important but do not distinguish tone and intensity. Finally, assessing the absolute values of outer weights must take formative measurement theory into account. Small outer weights are to be expected given the absence of multicollinearity issues and the number of causes [5] . It seems to be advisable to estimate further models by spreading causes over two formatively measured constructs (e.g. a geometrical and a non-geometrical dimension), in order to come closer to actual values. Overall, the results strongly support the ability to measure salience in a surveybased manner using the SEM proposed.
CONCLUSION
Having no empirically validated model and approach for survey-based assessment of object salience in-situ is a major drawback of current research in salience estimation (cf. [39] ). The research presented in this study tries to fill this gap. The SEM presented incorporates both theories on salience and the results of prior studies on features which are important for salience. Overall, the model derived was able to explain more than 72% of the variance in the endogenous construct. Evidence was provided for an adequate measurement of all LVs except prototypicality. The structural model part reveals visual aspects to be equally important to route dependent aspects. This is particularly important because some of the MVs for both LVs may be derived automatically. The convergent validity analysis of the formative measurement model for visual salience yields a large (0.810) and highly significant path coefficient. That is, formative measurement is an appropriate way to visual salience estimation. Regarding future work, I would like to explore three major aspects: Firstly, due to the conservative sample size requirements applied, the model may be estimated using covariance based SEM in order to further support the notion of adequate model fit. Secondly, alternative structural models may be assessed, e.g. the formative measurement model for visual salience may be substituted by its reflective counterpart. Thirdly, as other studies suggest an influence of sense of direction on perceived salience (cf. e.g. [21] ), a multigroup analysis will be conducted.
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